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3. BRFEE R IR S B B R &S B A SR =, Mk 712100)

HoOE: NSEII RS I POE A, AR T — R T it YOLOVSs [ BR 6 Bk A 2 A ) AR Y
YOLOv5s_S_N_CB_CA, FHididxf ik BT 17K BEI8IE . £ YOLOvSs &4t |51 N C3HB L AIZE X iF & /7 (criss-cross
attention, CCA) FEbRIEIRIFAESLELAE /7, S5AFEATI A AN SUOREA Ab B8 5 itk — D SR TR ARURE FE o e s bR 2R [ A IS
HEA 85.21%, BIEFH N 90%, K/ N 14.6 MB, ZFH:LE (intersection over union, ToU) A 0.5 FHISME PR E
(mAPys) N 92.45%, ELAHEATREARSE AT R IE YOLOVSs #2757 31.91 NE 05, I AN 35.47 Wifs, HLIRLG
YOLOVSs 18 T 34.15%. ff1 SO RT QAR FARIR S R RN BOGHRSRE R Bkt AT A, &5
BRGNS K . R FEBEMETE 2 mAPys 258 91.96%. 91.15%, LJEIE YOLOvVSs 437l & i 2.55. 2.25 AN H
gyt KRG R 9:00-11:00. 15:00-17:00 S5 FHMEBKAE SR mAPys 73 514 92.11%- 92.10%, LLJF4E YOLOvSs 439l &
H 2200 132 MED . GREY, ZHF I T H0E YOLOVSs MIBRBHE L MG IR R 78 S Ak A (R, 4G
FEE R BUEP, ATSTI E AR IRET BRI AE S 0 o
KU BT ARAL B AR BRRBLIEA; BGE YOLOVSs; A AR
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FRERRAE 2 B AR PRGN, R 5 SR8k ML R %
BRI A I PAAT 55 FRORS HE o 2R B A A AR B,
[ LA 4 (convolutional neural networks, CNN)
HIH B, RS ST HR DLHAR B FREESE AR /) iz At
e Sz e AT BB S R A BRI B0 ST R
) 0 H bR RS I R RT g3 Oy B T DX AR ECR XU B
(two-stage) MEZEFNFET[A TR AT EL (one-stage) HEZE,
LA X BAE SR 7 Ak 3 3 P S e PR A B AE
PR REA LT CNN P28 532120 R RS B ey, (HLSE
I 2z, HARR ML FE R-CNN. Faster R-CNN %%;
Y BOHEZEAE AL BRI AN = A e e flE , BB AE — € W Bl
Sy AT AL b ST E ARSI, RS B R, HARR NS
VA% YOLO. SSD %,

TERGRAE 2 RACTF R U, 1 2 L K FEHE
25 H ARSI SR TT e T AR SRR AT o FEEF KT T XS 3 L
(f1 HFRAI AR 7o, FARJON 2B T —Fpdt T
Faster-RCNN [ 25 3547 3= S AE R 5032, FHA8 A 26 P A1 )5
TIEAT BONAE 2 2 FE VAR, 2 i AR T A6 B S ) (1)
TG T AC VA A T, A T4 B R AR e o . X i
SR H —FhJE T K-means TR HIBRIEBRAE 211 5 7 v,
T K-means FEDH|, A5 HET NSRRI G LK
AT R HACE IR, SRR e iR, R
I E A 92.5%. WREFAEELRT 10 P WAL B AETT,
FAE—NEE 4 MEAFIEE 16 Ak e i B s
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£, Wit IE R T BB E MK o A, A
TR - E R — R AL T H, % T B AT SZH 95.3%H)
TETF 53 FEUERA 22 H 88.2% I HU HETf 28 . WILLIAMS
SNV T — R B BRI AS N, B 4B R 42
EHLA A RGN BRI 2 AT IR B, IR A R A
B 90%LA L, BEHIEN 79.5%, BN T BCRIAEAE
— MR . PRSI T X IR B U B B AR Sk B
SR ARIAR P52, (ELHE DA AT ST PRSI, TEvadi /2 Al
BRERE RS AR R

FEEEXT T [ R B AR IR 7, XTA 2507
P 7 —FF 3T TensorFlow “F & ) Inception-v3 #7, F|
FHIEFS 2 S BORTE TmageNet H IFE A b 42 HHEE 1 1€
FRARBIBER, % RALE Oxford17 A1 Oxford102 16444
£E b7 SUERA 2205 1) 9 95%H1 94% ., SUN U8R T
—FhEETF DeepLab-ResNet i X 43 E| 45 H)SE AL . BEAE
ALK T35, %07 538 U EI B 5K PS8
TR L RGNS B A 45 6, 7ERRAE . BLAEFISE AL ¢
B gE T F1 9308 80.9%. BEEIET[81 U3 ) XU
B H BRI SR AT R R A RS BE I R, R B
RGN , AT SIS A, REfE i L AL B R 4%
1 el R

HAT, J&FIRES RG24
SRR A A ORI R FLT S R LK SR AE 2
FIRE ST, a3 A0 i H 20 AR )
B2 2R A KM, oM BHE, 7
FEAN H B B B0 B bk T b A KA 85 52 R TC I
FUM B 1 1) 5 P A 45350 0 A6 24 5 S B I Bl AN
FaE eI, X PR 2RI BRIk 2 A I
ST 5E IO ME FEE AN Bk o

IR, EFST B ARIREE N AFEAE 5 2418 SO BRERk A2,
AHEFEHE P LT 2t YOLOVSs HIBRIEBEAE 246 I 77
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—SEMIFEA KL ER J7 v, NI SEBUG E AR R B sk fE
e PHERRPOEAT I . AW 5 AT BRIk B B 32k 26 %
5 IEBN R G A AR SR A R AR HE R AR S ¥
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1.1 BBRESHIEEWE

AR EERF TG GAE “UFIRAE” SR IBR R AE 2 s
BT RAEAE 2 G SR B BV 48 JE 2 74 AL AR MRS R 255
BEikgeuE (4°7'39"N, 107°59'50"E, #3KkZ) 648 m) .
B RERHNEE (SONY) Alpha7ll (a7M2K) 4=iHEilE
ALK ARNL, £EEE. BRRAREE A N E S, R
ST 6 000x4 000 183, TN Y 2022 4F 5 1 3
H#ZES5 H 11 H, BN 09:00-17:00. FA8E R 5E S1
e, BB AU 7 X, i = AR [ e ¥ Ar
B, WRE R A T DA AT, BB
A EE BT (0.9+0.1) m.
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R AN B BOE B SR E (R R 09:00-11:00 F R 4
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a. JCIE

a. Unobstructed

b. FEE AR LI
b. Flowers shading
each other

A1 3A R B
Fig.1 Three different obscuring situations

*1 XEBEGEBER
Table 1 Details of the acquired images

c. H IRy
c. Obscured by
branches and leaves

EAGIEES REEKA ElEE e

Influencing factors Acquisition conditions Number of images

KA LEPS 779

Weather conditions (PR 253

Wi RA R Bt 9:00-11:00 401

Different hours of sunny days 15:00-17:00 378

T EERUE] 726

Obscuring situation JEERY 306

FPRTHEIZACRE T, MCREER) 1 032 TR ERRTE 2
FEAS G H i B 43 MG, @i Comic Enhancer Pro %4
FERERE 20%F1 40%5% 282 18, T2 IRIE 20%A1 40% %
282 M@, XFELEEIGSR 20%F1 40%%% 282 M@ Xf RS
20%F1 40% 7% 282 iE, ANBIAL 1 90, Bifk 3 9. Bifk 4
% 280 Mo B85 1) EURECEIL R 3 096 ME . G 8
L FR RS2 G N bR A S AL 4 128 1R,

{81 Labellmg T x4 i 50 SR 1EAT T BhAn i,
X B bR B NME FEAE AT AR . A OB AR H bR
RIS SRR AE 2 70 3 2K, BFEERIERRIEED (bud) .
BRERE AL (flower ) LA K & H 4R 82 K 1 5 4% bk 1€ 2=
(pollinated) , & 2 Frix. BEJ5¥ 4 128 Mg EMG%IE 7
201 ERBI A NI R4 (2889 ) « EOIESE (826 E)
FIPREE (413 1) HEATHERLYI ZR ARG

a. BREpb e

a. Kiwi buds

b. BRAEAk AL

b. Kiwi flowers

c. CIEBRIBBEEESE
c. Pollinated kiwi
flowers

A2 AFEE AL
Fig.2 Labeling of target categories
1.2 FEF o YOLOvSs HIBRIEHRTE A4 M= B 4 32
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AR RN R, R EEEURE) YOLOVSS farillb
B, REMSTERORE SRR FE R HTER T, IREFEUINIfE AT
b R R AR Y, R s & LiiEEm
ifﬂ[ﬂ-ﬂ]o

YOLOvSs & 2 45t W 4 f A o« & T W %%
(backbone) « FFFMIZ% (neck) FITHIM)Z (prediction) 4
AN o N F e UG AT B e e, T
G Ak B SR m AR AE A LA BEAT AL . backbone T4
B AP RFAE ), W5 CSPDarknetS3 4544, N ESHY
BOET7 RERE, 7T DU 0% f o BETH 2% 11 1) R
HI D 2 S H BP0, neck B0l AR & 715
M4 (feature pyramid networks, FPN) ZEfJFIEKZ R A
4% (path aggregation network, PAN) Z5 M3 Sm4EFAE,
T R RS B, b3 & T #ERf 4 o prediction

BAG BT, SREM G E R,

AW FCEE N 5 AR BT N B AL 2 H A, 78
YOLOv5s HAl b, $E i —Fhiodt i) YOLOvSs 454
B, HTBERIE KB, oA/ B E S
WP, HZ i R R, TR R AR B
G A AT BEAEERAEATEMT IG5, PR I 75 2E0d i iadk
LAY, SRR SR IE . RS A ARSI LT 1)
FHIESEELRE ), Pemt kG B2 . BT DL BB, SRy
(1 E NG S AFE: EETMH 5N C3HB #HEP,
F DA S s R AiE S HURE 775 E W2 A 5] NS SLHERE T
(criss-cross attention, CCA) FEH, L33 — 1R TG
TS FE ) H o B2k J5 1K) YOLOVSs W48 A5 Y 4 SE 7E (R KR
BEAE AR MR T, @ —DRAEERE
BE N REAE 2 0K B . 2503k JE 1) YOLOVSs 4514

3 0L FH X 4 BB (P4 AAE , X TN B A 1) 2 A AR 2R A0 A5 Wik 3 fis.
ffi NInput T 4% Backbone #i ¥ Neck FilllPrediction

o s

:

i HH Output
S

Eﬂm-ﬂlﬂ-Ill'

lj G -

[ :|
=—-1|{ Maxbool |—{MaxPool |—{MaxPool |—+|c g J

#: CBS A Conv+BN+SiLU, Conv A%HFEEE, BN NIH—1LiglE, SiLU A Sigmoid JIAL LR M4 &0 PR30, SPPF JAytiiti 2% 7] & 7 ¥ AL 4544, Upsampling

N L RFERAE, Concat FHIERL A BAEL Maxpool A AL EEIE

Note: CBS is Conv+BN+SiLU, Conv is convolution, BN is batch normalization, SiLU represents sigmoid weighted liner unit activation function, SPPF is spatial
pyramid pooling-fast, Upsampling is upsampling, Concat is feature fusion function, Maxpool is the maximum pooling.

B3 #%#t YOLOvSs %4 A
Fig.3 Improved YOLOVS5s structure diagram

1.2.1 C3HB ##3&

C3HB ik 3= % CBS #4. Horblock £l Concat
EeE RS (B 4a) » Horblock BEHSRE T HorNet®, H:
547 VIT (vision transformer) A1 CNN f4 A 32 36 )9
I 148547 (recursive gated convolutions) , @it i# 15T,
PAT R W RAFRE R Y AE B H. B 4b,
4c JE7R T Horblock FEH 8T 1#E4F (g"Conv) (14
¥y, BETN SRS, BooR VLMY
FEHE, BARUT EESE N EEMES IR .

C3HB HEH AT AR LT -

D N PIVILERHAEAS B2 LB 2 465030

2) K NFHIEE BB IE RO, — S RHIEE S
53 1 B CBS B AT RS, o —fB it 7
37 2 [1) Horblock #5E A1 CBS ABHEAT R AEHEEL

3) 2 For 3 REIE(S B E A Concat #R1EIRE
A

4) f @it —A CBS BHUE AT R AE 3G 08, 1556
i C3HB FEELHIHRFESE B/ 5\ C3HB BEH K
/NFHTA]

FHELT )56 YOLOVS #2%Y, 5]\ C3HB BEHuigsg |
W& TR 77, ARG kb 7 rH SO SR Py A7

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.
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-
Conat
a. C3HB HiH4H
a. C3HB module structure

Proj,C/2

Proj.(/2

(GBI = - o | Com]

b. Horblock BHRL4E 1) c. g"Conv &5#4 (n=2)
b. Horblock module structure c. g"Conv structure (n=2)
e n S RAER L AR AE A ELAE T IR A € N — I B T 4
Note: n is the order of interaction between a feature and its surrounding features;
C is the channel dimension of each order.

B 4  C3HB AESRIAM RIS
Fig.4 C3HB basic building blocks

1.2.2 CCAA#3:
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BE PO LLEN. k. . RESEMT R,
SRS RSO 16 2 (ARG RS P o itk — B R TH AR R 3R A2
TS SR AE LI RE /1, AW FEE YOLOVSs [T 2
GINAE XA 7 SR i R AT it DA — b
] SRIRBE T GBI B AL 2= A DR AR

LXERE T (CCA) B THRE 4/ BT XE L.
AR AT DU IR ARG AR KPR B 7 ) B B R S
G, ST AR A, R IR AL
HHZMRRERTERE AN EEEENE, WEiE
BRI AERY . CCA Wit 5 Fior.

A
H ,
1x1 Conv —5—> & 5
/ =~ & Softmax /
—>
=) o
< 2
1x1 Conv —p— 5 E
O —f
2
<

1x1 Conv. —7

T HARMFAEE: 0. K. Vil H R4 R ERIRHER: 48 0
1 K % Affinity FIl Softmax 1255 4 BINER I H N H% CCA BH
JE R BB TR &

Note: H is the local feature map; Q, K, and V are the feature maps generated by
H after dimensionality reduction; 4 is the attention map generated by Q and K

after Affinity and Softmax operations; H is the new feature map generated by
H after CCA operation.

B 5 CCAAHRLMA

Fig.5 Structure diagram of criss-cross attention module

HALFR R R R
1) A4 R FARIE B H NS SR B, 1 ey
JeRIF 2 AN Ix1 FIERUZETRRSE, A 2 MRHEE] O
H K
2) JBid Affinity 1 Softmax BHE M — A RIER
Kl A4;
Affinity 325 01T
d, =0,K}, (D
K1 d,, 25 0, MK, 2 AFEBERLE; Q, FoRTERHIT
B O 7 e 4EfE LI RAMLE o IR K, Rox K, 1)
BiANILER, K, BoRIEHERE K P EREU— N5 u 72
—ATEE —F A
3) B HEINGE =AY 1x] BB R R T F4E, Ak
REEE Vv, #0522 v /1B 4 33T Aggregation
B
Aggregation iz B X 41 F -
H,=> A4V, +H, (2)

b 4, TR A IliE i B u KItRELE, ielV,|, v,
FORFHEE V IR B4 6 H, RoRREE H 173 H
e L BEALE u

4) T 5 BRHMIEE H 53617 Aggregation ia5H 2 J& HI4F
TEEEHTIER:, SREA) 2 LR UEEREIEE H .

VR H eI 2 A E R ) BIE FEE S & F T
FR, HAhmE MBS ER SRR [E—17
[ —F Fp A BRGNS X B g

PN BB R R I, i s X i,
REAE P P A A B 0T DA N IR i A A8 3R B N 31 58
BT UEE . MET R YOLOVS B8, 5] A X
RS — D8 T BIRS B 24 1  N AL 20 1
PEELRE /7, PREAAL B, SR TR TRS 1E 2 H A
W o
1.3 RIGIFE

A FH Pycharm XF YOLOvSs P48 154 53R 47 2 5
ok, RIS SIS EE RSN Windows10, AbFEER
4 Intel Xeon E5-1650 v4, 3.6 GMz, W1£32G, &FN
Nvidia GeForce RTX 3060Ti, &% 8G, ZiEiE SN
Python3.7.
1.4 iFnigks

ARICKRH 5 AR TP BRI R A A AL,
RS (precision, P) + AEF (recall, R) .
YJME T8 (mean average precision, mAP) . HTK
ANFIREINGER S, R AZEH L (intersection over union,
IoU) T HERIEHKIE . Pv R mAP 1 IoU f)EAK T
7] W22 SR [31-33]
1.5 1RE)IZ

SRR R AL SR A B SR 25 300 A8K, IIZRH]
WA P . R {H. mAPys (JoU=0.5) {EI8KER, It
AR 2 S R i RAE SRS 1B A 250 R
A, Pv Rv mAPys T e, PURMEISE 0.024 £
Fis 300 YOEARE, B PAEN 83.42%, R AHN 90%,
mAPy5 4 92.39%. B 6 AL P{E. R fH. mAP,s
AL A .

1.1

1
0.9
0.8
$0.7
S06/ {4, o
#0.5 ' -} fifi 2 Precision (P)
Fo4 o ~ A 1l %Recall (R)
031 ~—ToU=0.50F B 17 P i
0.2 Mean average precision with ToU of 0.5 (mAP,5)

0.1

0 20 40 60 80 100 120 140 160 180 200 220 240 260 280
AR U K terations
B 6 #AI%T P. R. mAPs RiLAH
Fig.6 Trend of P, R and mAP, 5 in model training

2 FER5HMh

2.1 FEBHFEFFEARLIE SRR YOLOVSs FREN AR
pogne

9T VR A SO HL ) YOLOVSs Bk 77 R B bk 4
ZE R A RtE, TR RS MR FEA AR R & T XS
YOLOvS5s SR AT AN F Ll (R 20, FFRlghse
FEARBATAFRGEE, 2 AT, IZREeh 300, 143
B ELFEASCHE H 1 SO RLE IR S Bl YOLOVSs Bidh A
A, BRI iR 5 AR mAPys (TIoU=0.5)
fEAT mAPy 5005 (IoU=0.5~0.95) {EETIEME. 5 PPy
R REXS LNk 2 FiR.
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R2 S M AEMBEARLIE AR R RERT b
Table 2 Model performance of five improved methods and
sample processing methods

- . P
1R SOl ik #z'lg BIOTE APy mAPys o9
Model Improvement ~ Sample processing o, %

method method
- HHE 3 000x2 000
YOLOv5s_Z1 ¥ (&%) 60.54 40.76
AEHLE 1.500%1 000
YOLOv5s 72 I (&%) 54.10 3221
P14 640x640 (1%
YOLOv5s S N . 89.90 73.22
SSN- R mimsek
ERRCET]
A C3HB #
YOLOvVSs_S_ B HilllJz25] Y1439 640x640 (% 9137 77
N_CB_CAF AccAatt =) . Hnfikek ' ’
T 1PN
Focal loss
EFMLE|
YOLOvSs S A C3HB Bt 171434 640x640 (1% 92,45 75.14

N_CB_CA 3 HlEGl 2 5 #infkes
A CCA i

WE: Z (Zoom) FRMMAMEARGHHALIE, S (Segmentation) FKIRIMAFEAL]
S3AbEE, N (Negative Sample) F/RMAFFEA, CB /x5 C3HB iR,
CA FIRGIN CCA BB, F (Focal loss) FR5INEE AR KA.

Note: Z (Zoom) indicates the addition of sample scaling, S (Segmentation)
indicates the addition of sample slicing, N (Negative Sample) indicates the
addition of negative sample, CB indicates the addition of C3HB module, CA
indicates the addition of CCA module, and F (Focal loss) indicates the addition
of focal loss function.

SyMTEE 2 ATAN: B YOLOVSs S N CB CA K
MBRAERR AL ZMAE 1) mAPys (EF1 mAP, 595 (57114
92.45%F1 75.14%, LH R SHEBAE YOLOvVSs_Z1 .
YOLOv5s Z2. YOLOv5s S N Al YOLOv5s S N CB
CA_F ) mAPys 7l =t 31.91, 38.32, 2.55. 1.08 1M H
gy B, mAPgs—g9s 770 EHH 3438, 42,93, 1.92. 1.37 4>
R0

SERRH], EXTYIGREFEABATYI A0 E, FFmA
FREA G, AT e B AR I BR AR AL 2 (1) mAP s 1
MAP 5005 7 A B RIET; 24k 25| N C3HB HELFT CCA
B, 91 N5 B SRR R S BE A T i3 — 2 32 Tt

FRAS AR A UG 2 HR /N %

S3HT B A 5 B R R W R

D XIS BURBEAT V) 40 b B, ] DASE iy 75 AU
PR ERIE =G =AY e BB E RS b, T
Y TR R % 8 IS BRI SRR AR Gtk —
SRR TR ) )BT, SR RS B

2) {EJF4A YOLOvS fZYH 5] N C3HB #E Al CCA
TG, BRSPS EE J7 3 om, ARG Bk — 5t .

3) MR G\ Focal loss A8 ) Ak 70 5o B AN A
IFEARTI 22 TR 70, (HH By 52 e e om0 ARy A i 22
K, EFEAFHILERE A (outliers) M2 SFEGTIIE,
S A A I 2 %

FH IR, A SCHRH I YOLOvVSs S N CB_ CAf7,
F OO D7 iE R R A o B R R RS R, AT
Hoth oA B B — e A, R T AR SRR A 0
BT R

2.2 AFEBFEMNER R REXT L

N T VA SCHR 1 YOLOVSs S N CB_ CA Rt
TR AL = FOAR I RCSR, 66 1 JR 4B YOLOVSs. YOLOv4RY!
H1 SSDP1 5 YOLOvSs S N _CB_CA #EATIEBEXNT EE,
2.1 W REA) 0 9 640640 () I FFEAKII
24, 3 EAE YOLOVSs B . YOLOv4 f= 741 SSD
RAREAT IR, RN 300, 2 JERI IR ik
4 Fh C I e B AR IR RS TF 8 1 R VP4, 4 ARGl
PR () 1 BE LL R 3 BT

&3 AMBRENEEEREXS L

Table 3 Performance of four target detection models

o LN o3 S
1\):152 3%1 PI% RI% mA,;‘”/ ﬁiﬁj )r];\eii(]:;(,);ri
size/MB  speed/ (Mii-s™)
YOLOVS5s 82.85 88 89.90 13.8 26.44
YOLOv4 86.11 83  82.50 220.3 14.50
SSD 8593 78 78.81 87.9 29.55
YOLOvS5s S N CB_CA 8521 90 9245 14.6 35.47

RT3 MAALE AT DSt AR H ) ok
YOLOv5s_ S N_CB_CA A MMk 48 o IR 1y 5 B LG
YOLOv4 #1 SSD 4rHME& 0.90 F1 0.72 ANFH 4 A,
YOLOvVSs 5 2.36 INEr i, B R A4 5L YOLOV4
A1 SSD =1 7.00 A1 12.00 NH 43 A4, B YOLOVSs 5 2.00
ANE S L, mAPgs 20 Al EE YOLOVSs. YOLOv4 Al SSD 1
2.55. 9.95 1 13.64 ANHE A, HABAIK/NE YOLOvSs
K 5.80%, 1253 5| Eb YOLOV4 A1 SSD /) 93.37%F1 83.39%,
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Table 4 Performance comparison of two target detection models

under different weather and sunny days at different times %
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Fig.7 Flower detection renderings in different weather and sunny day at different times
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a. Buds detection results

b, TR AR

b. Flowers detection results

c. EFTERIIEER
c. Pollinated flowers
detection results
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e. Overlapping shading between flowers
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d. Coexistence of three types of flowers in a wide field of view
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f. Dense growth of flowers
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Note: The boxes in the figure show the detected kiwi flowers. Kiwi buds are in the blue boxes; flowers are in the pink boxes; and pollinated flowers are in the red boxes.
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Fig.8 Kiwi flowers detection renderings

a. bk, LRI (A H & Y 3
a. Missing detection caused by
overlapping obscuration between
flowers and buds

flower 0.90

flower 0.93
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c. False detection caused by
similarity of leaves and buds

characteristics
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b. Missing detection caused by
dense flowers growth

k3
lower Q‘Iower 0.94
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d. False detection caused by
similarity of flowers and buds under
specific growth period
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Note: In 9a, the missed kiwi flowers are shown in the blue circle on the left and
the missed buds in the blue circle on the right; in 9b, the missed kiwi flowers are
shown in the blue circle; in 9c, the leaves that were falsely detected as buds are
shown in the blue circle; in 9d, the buds that were falsely detected as kiwi
flowers are shown in the blue circle.
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Fig.9 Example diagrams of missed detection and false detection
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Detecting kiwi flowers in natural environments using an improved
YOLOVSs

GONG Weixin, YANG Zhen, LI Kai, HAO Wei, HE Zhi, DING Xinting, CUI Yongjie™

(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling 712100, China; 2. Key Laboratory of
Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling 712100, China; 3. Shaanxi Key Laboratory of
Agricultural Information Perception and Intelligence Service, Yangling 712100, China)

Abstract: Artificial pollination can be essential to improve the fruit quality in kiwifruit production. An efficient detection of
kiwifruit flowers is one of the key technologies in the automatic pollination machinery. In this study, an improved YOLOvVSs
model (YOLOv5s S N _CB_CA) was proposed to rapidly and accurately detect the kiwifruit flowers. The C3HB module and
criss-cross attention (CCA) were added into the YOLOvSs. The sample slicing was combined to add the negative sample
processing, in order to enhance the feature extraction of the model for the kiwifruit flowers, particularly for the detection
accuracy and detection speed of the model. A total of 1032 images of kiwifruit flowers were collected from a trellised kiwifruit
orchard grown in a natural environment, including 779 images on sunny days and 253 images on cloudy days. Two periods of
light conditions under sunny days were considered, including 726 images of kiwifruit flowers under the 9:00-11:00 and 378
images of kiwifruit flowers under the 15:00-17:00. Two occlusion cases were selected, with 726 images of kiwi flowers with
occlusion and 306 images of kiwi flowers without occlusion. The captured images of kiwifruit flowers were classified into
three categories, including kiwifruit buds, kiwifruit flowers, and pollinated kiwifruit flowers. Three targets were labelled
separately, and then sent to the improved YOLOvVSs model for training. A total of 300 iterations of training were implemented
for the improved model. The results showed that the improved model shared the detection accuracy of 85.21%, the recall of
90%, the mean average precision (mAP) of 92.45% at an intersection over union (IoU) ratio of 0.5, a model size of 14.6 MB,
and a detection speed of 35.47 frames/s. Compared with the four improved YOLOvSs models with only sample scaling or two
resolutions, sample slicing, and adding negative samples, the C3HB-CCA module and focal loss function, the mAP, s were
improved 31.91, 38.32, 2.55, and 1.08 percentage points, respectively, while the mean average accuracy at IoU of
0.5-0.95 ( mAP5s.99s5) by 34.38, 42.93, 1.92, and 1.37 percentage points, respectively. The improved model increased the recall
by 2.00, 7.00, and 12.00 percentage points, compared with the original, YOLOv4, and SSD model, respectively, while the
mAP, s was improved by 2.55, 9.95, 13.64 percentage points, and 34.15%, 144.62%, and 20.03% improvement in the detection
speed, respectively. The original and improved models were then used to detect the kiwifruit flowers under different weather
light intensities, or under different light intensities at the different times of the day on sunny days. The results showed that the
improved model had 85.17% and 83.88% accuracy, 90% and 89% recall, and 91.96% and 91.15% mAP, 5 for the detection of
the kiwifruit flowers under sunny and cloudy skies, respectively. The improved model shared 84.47% and 84.79% accuracy,
89% and 89% recall, and 92.11% and 92.10% mAP, s for the detection of kiwifruit flowers in 9:00-11:00 and 15:00-17:00 on
sunny day, respectively. The better performance was achieved in the improved model, compared with the original. Therefore,
the improved YOLOvVS5s-based detection model was achieved in the rapid and accurate detection of kiwifruit flowers with the
high robustness while maintaining lightweight. The finding can also provide the technical support to develop the automated
pollination equipment for kiwifruit.

Keywords: image processing; model; target detection; kiwi flowers; improved YOLOVS5s; natural environments



